32 The apparent unpredictability of epileptic seizures has a major impact in the quality of life of 33 people with pharmacologically resistant seizures. Here, we present initial results and a proof-of-34 concept of how focal seizures can be predicted early in advance based on intracortical signals 35 recorded from small neocortical patches away from identified seizure onset areas. We show that 36 machine learning algorithms can discriminate between interictal and preictal periods based on 37 multiunit activity (i.e. thresholded action potential counts) and multi-frequency band local field 38 potentials recorded via 4 X 4 mm 2 microelectrode arrays. Microelectrode arrays were implanted 39 in 5 patients undergoing neuromonitoring for resective surgery. Post-implant analysis revealed 40 arrays were outside the seizure onset areas. Preictal periods were defined as the 1-hour period 41 leading to a seizure. A 5-minute gap between the preictal period and the putative seizure onset 42 was enforced to account for potential errors in the determination of actual seizure onset times. 43 We used extreme gradient boosting and long short-term memory networks for prediction. 44 Prediction accuracy based on the area under the receiver operating characteristic curves reached 45 90% for at least one feature type in each patient. Importantly, successful prediction could be 46 achieved based exclusively on multiunit activity. This result indicates that preictal activity in the 47 recorded neocortical patches involved not only subthreshold postsynaptic potentials, perhaps 48 driven by the distal seizure onset areas, but also neuronal spiking in distal recurrent neocortical 49 networks. Beyond the commonly identified seizure onset areas, our findings point to the 50 engagement of large-scale neuronal networks in the neural dynamics building up toward a 51 seizure. Our initial results obtained on currently available human intracortical recordings warrant 52 new studies on larger datasets, and open new perspectives for seizure prediction and control by 53 emphasizing the contribution of multiscale neural signals in large-scale neuronal networks. 54 55 Introduction 56 A third of patients with epilepsy are not responsive to medication and experience recurrent 57 seizures through their lives [1]
Datasets and leave-one-seizure-out cross-validation 171 As stated above, we formulate the seizure prediction problem in terms of classifying selected 172 features into interictal and preictal. Prediction moved forward at 2-second time steps. 173 Consistently with two previous seizure prediction studies [7, 17] , the labeled interictal time-174 blocks were restricted to be at least four hours away from any seizures in order to attenuate 175 potential time overlap between interictal and preictal or interictal and postictal states. Also 176 following [7,17], preictal segments were defined as the one-hour interval between 65 and 5 177 minutes prior to seizure onset ( Fig. 1 ).
178 179 We used a leave-one-seizure-out cross-validation procedure. Specifically, one set of interictal 180 and preictal data segments corresponding to a particular target seizure were left out of the 181 training set and used for testing. The same procedure was then iterated for each of the seizures 182 from each patient. 183 9 212 samples. We attenuated this imbalance issue by oversampling the preictal class, specifically by 213 overlapping between 50% and 96% the data segments (time windows) labeled as preictal in the 214 training dataset depending of the size of the history used in the LSTMs. Nevertheless, no 215 overlapping between segments was applied to preictal test data for the assessment of predictive 216 power. 217 218 Assessment of classifiers' seizure-prediction performance 219 To assess the performance of the classifiers, we computed the area under the receiver operating 220 characteristic (ROC) curve, henceforth referred to as AUC, which evaluates the true positive and 221 false positive rates for varying thresholds. 222 The performance of a chance-level predictor was obtained by Monte Carlo random permutations 223 265 We first evaluated if seizures could be predicted from local neuronal activity away from the 266 determined SOAs. Broad-band field potentials were recorded from 10 X 10 microelectrode 267 arrays (MEAs, 4 X 4 mm 2 ) implanted in five patients with epilepsy ( Fig 1 and Table 1 ). In all 268 cases, the MEA location was two to three centimeters away from the SOAs identified by the 269 clinical team.
270 271 For each recorded clinical seizure, the preictal period was defined as the interval between 65 and 272 5 minutes prior to the seizure onset, and the interictal period was restricted to be at least four 273 hours away from any seizures (Fig 1) . After removing segments with artifacts and segmenting 274 the data to satisfy imposed constraints (e.g. 4-hour gap between interictal and seizure onset, etc; 275 see Fig. 1 2) : (i) the power spectrum of the LFP in ten defined frequency bands (LFP 283 power spectrum), (ii) different network measures based on pairwise coherence matrix (LFP 284 coherence), (iii) the total number of threshold crossing events (MUA count) in each window and 285 channel, (iv) different network measures of MUA count correlation matrices (MUA correlation). 286 The prediction task was performed with a recurrent neural network using LSTM cells [19] (see 287 Material and Methods and Supplementary Fig 1) . LSTM cells are particularly efficient for 288 capturing long-term temporal dependencies as they do not suffer from the vanishing gradient Supplementary Fig. 2 .) For all patients, we 300 evaluated the predictive performance by computing the AUC scores, reaching in several cases 301 values above 0.8 (Fig. 3 , AUC = 0.5 and AUC = 1 correspond to "asymptotic" chance level and 302 perfect prediction, respectively). AUC scores were significantly better than chance, based on 303 surrogate datasets, for most groups of features. Chance-level surrogate datasets were obtained by 304 random permutation of the labels (interictal, preictal) assigned to each time window segment (see 305 Materials and Methods for additional details). The corresponding chance-level AUC 306 distributions are shown in the Supplementary Fig. 3 . Prediction performance based on MUA 307 count was on average better than chance for all patients. The best performing group of features 308 was patient specific. An example of the prediction probabilities for the interictal and preictal 309 segments for one test seizure in P2 is shown in Supplementary Fig 4A. Fig 4B. We note that the hyperparameter specifying length of the history in the LSTM network 313 was optimized directly over the test dataset, as not enough data were available to have a proper 314 validation dataset. An assessment of the dependence of AUC scores as a function of the length of 315 the LSTM history is shown in Supplementary Fig 5. 316 317 The length of the neural recordings could extend to two weeks or more. Slow changes in the 318 recorded signals (due to artifacts or true changes in neural activity) could occur during this 319 period and bias the classifier, while still leading to good AUC scores, especially given the small 320 number of seizures available. We checked that this was not the case by performing the same 321 prediction task, but now z-scoring (zero mean, unit variance) the MUA and LFP signal for each 322 of the original 40-minute data files. While this procedure can potentially render the 323 classification task more difficult, as some true seizure predictive information may be lost, we 324 were still able to obtain good AUC classification scores ( Supplementary Fig. 6 ), confirming that 325 the previous classifiers were not biased by slow changes in mean and variance. 
